Abstract-Time series Landsat data have been used to track ecosystem disturbances using an algorithm such as the vegetation change tracker. However, efficiently identifying and separating types of disturbances (e.g., wildfires and harvests) still remain a technical challenge. In this letter, we tested the support vector machine algorithm in separating forest disturbance types, including wildfires, harvests, and other disturbance types (a generalized disturbance class, including insect disease outbreak, tornado, snow damage, and drought-induced mortality) in the Greater Yellowstone Ecosystem (GYE) using annual Landsat images from 1984 to 2010. The algorithm has been proven to be highly reliable, with overall accuracy about 87% for the study region. Average producer's and user's accuracy for wildfires and harvests were 85% and 90%, respectively. Based on the mapped forest disturbance type results, fire was the most dominant disturbance in GYE National Parks (NPs) from 1984 to 2010, affecting over 37% of the forested area in GYE NPs, whereas other disturbances such as insect and disease outbreaks were more frequent in national forests of the region during this time interval. With the free public access of the Landsat data and careful selection of training samples, this method can be useful in other ecosystems with similar disturbance dynamics as GYE.
F
ORESTS of the Greater Yellowstone Ecosystem (GYE) undergo frequent natural (e.g., wildfires, insect and disease outbreaks, and snow and wind damages) and anthropogenic (e.g., land-use change and timber harvesting) disturbance events, and these changes lead to feedback effects on patterns and trends of carbon and nutrient cycling [1] , [2] . Therefore, developing methods to document the disturbance records is important to studying and managing long-term health of GYE forests [3] .
Time series remote sensing data are useful for tracking ecosystem disturbances in a variety of studies [4] , [5] . However, efficiently identifying and separating disturbance types such as wildfire and harvest still remain a technical challenge. Recently, [6] - [8] . However, few efforts have gone into separating disturbance types from time series disturbance pools using machine learning algorithms. Technically, machine learning algorithms [such as support vector machine (SVM)] are well suited for applications of detecting and differentiating disturbances [9] , [10] , but few success stories have been reported. Although GYE has been a focal point for many studies [11] - [13] , a consistent annualized record of forest disturbances from the 1980s to the present is not available. Such a comprehensive and consistent record would be very useful for informed forest management and policy making, ecosystem conservation and restoration, biodiversity protection, and carbon assessment in the region.
The main goal of this letter was to evaluate the usefulness of the SVM algorithm for separating forest disturbance types mapped using the vegetation change tracker (VCT) algorithm and time series Landsat data [4] , [14] . Specifically, we used VCT to map forest disturbances annually and then used SVM to separate wildfire, harvest, and other forest change types (see Table I ). For fire activities, only forest wildfires were included in this study. Harvest in this study referred to clear and patch cuts. All forest losses caused by agents other than wildfire or harvest, such as insects, diseases, tornado, wind, snow damage, and stress-related mortality, were grouped and reported as other forest disturbances in this study.
Since VCT has been used extensively to map forest disturbances in previous studies [14] - [17] , this letter focuses on the SVM part of the analysis. The derived disturbance products were validated and used to summarize disturbance patterns for different land ownerships. With the free public access of the Landsat data, the VCT-SVM approach demonstrated in this 
II. METHODS

A. Study Area and Input Data
The study area of the GYE region includes the Yellowstone and Grand Teton National Parks (NPs) and the Bridger-Teton and Caribou-Targhee National Forests (NFs), which were adjacent to the NPs (see Fig. 1 ). Wilderness area (WA) in this study refers to the area under the National Wilderness Preservation System, designated in or after the original 1964 Wilderness Act. WAs within the NFs were examined separately since WAs have different management policies than NFs [18] . Therefore, in the following descriptions, NFs refer to the nonwilderness areas within the NF boundary. Climate in this area is characterized by cold continental climate and varies predictably with elevation [19] , with ranges from 1500 to 3400 m.
The study area was covered by two Landsat time series stacks (LTS) (WRS-2, path 38 row 29 and path 38 row 30). Imagery data of the LTS were orthorectified and converted to surface reflectance using the Landsat Ecosystem Disturbance Adaptive Processing System (see [20] ). Total forested area mask was derived from VCT product, where, in order to be considered forested, a pixel must have been labeled as forest at least once over the 26 years. Masks of cloud and cloud shadow were derived with the algorithm developed by Huang et al. [21] . The identified cloud and shadow pixels were then filled using a temporal interpolation approach, which estimated spectral values using temporally nearest pixel observations acquired before and after the cloudy observations [21] .
B. Overall Approach
Here, we outline a new method to address the gap and test the feasibility that different types of disturbances can be identified and characterized. The following steps were involved to develop and validate the forest disturbance maps. First, VCT algorithm [4] was applied to the LTS to produce time series VCT disturbance maps in the study region. Second, SVM algorithm was used to split annual wildfires, timber harvest, and other forest disturbances from the VCT forest change pools. The classification was conducted separately for each year. Third, postclassification processing was applied to reduce obvious errors. Fourth, independent design-based accuracy assessment using TimeSync Tool [22] validation was used to determine the accuracy of both VCT disturbance polygons and the differentiated fire, harvests, and other disturbance maps. After validation, rates of different forest disturbances were summarized for the study area for the past three decades. Details of the method are described in the following sections.
C. Initial Disturbance Mapping Using VCT
Initial disturbance maps (disturbed versus undisturbed) were produced using VCT and LTS. The VCT algorithm was designed for analyzing LTS to create spatially comprehensive and temporally continuous records of general forest change history [4] , [14] . For GYE forests, we used the VCT forest threshold for sparse forest (Appendix B) and classified each pixel as forest or nonforest. A disturbance event can only occur if the pixel remained as forest for two consecutive years before the disturbance and the pixel remained as nonforest for at least two consecutive years after the disturbance. Therefore, a second disturbance can only occur after at least four years after the first disturbance. VCT also produced temporally normalized Landsat images, which were used for the final disturbance attribution.
D. Forest Disturbance Type Mapping
Information for forest changes introduced by wildfires was mapped by separating fire disturbances from VCT disturbance pools using the SVM algorithm. SVM represents a group of theoretically superior machine learning algorithms, which was designed to locate optimal spectral boundaries between classes. It has been widely used in pattern recognition and land cover classifications [9] , [21] , [23] . The algorithm has been shown to be more accurate in remote sensing land cover classifications than many other classifiers [9] , [10] .
In this study, we used the libsvm package for the R project for statistical computing [23] , [24] . Fire training samples for SVM classification were randomly selected from the Monitoring Trends of Burn Severity (MTBS) maps. The MTBS project mapped fires from time series Landsat images (1984-2010) using differenced normalized burn ratio (dNBR) and relativized dNBR [25] , [26] . While fires less than 1000 acres were generally excluded for the western U.S. in the MTBS data [26] , this study mapped fires of all sizes in the study region. The selected training pixels were then visualized in n-dimensional space to locate, identify, and cluster the purest fire pixels. Only the purest pixels were kept for SVM training. Nonfire training samples were randomly selected from VCT no disturbance masks. After applying the SVM algorithm to the VCT temporally normalized Landsat images, the mapped wildfire pixels were overlapped with the VCT disturbance mask, and only pixels that were labeled by both SVM and VCT were kept as wildfire disturbances. Since we had higher confidence in mapping fire than other forest disturbance types, the mapped fire pixels were separated from the VCT disturbance maps, and the remaining pixels were considered to be timber harvest and other forest disturbances.
Forest harvests were also mapped using the SVM algorithm with similar procedure. Since timber harvests usually have a uniform shape and were easy to capture, training samples for SVM classification were manually selected each year from the VCT disturbance maps. For years without overlap between VCT, training data from adjacent years were combined and used as inputs for SVM classification. Then, the mapped timber harvest pixels were overlapped with the remaining VCT disturbance pixels (after subtracting wildfire pixels), and only coinciding pixels were kept as timber harvests. The rest of the VCT disturbances (after subtracting wildfires and harvests pixels) all went to the other disturbance category.
Two types of postclassification processing were performed after the disturbance type mapping using SVM. First, fire patches with size less than 0.0036 km 2 (four Landsat pixels) were removed. Most forest fires in this region are larger than this size, and therefore, such small disturbances would be more likely noise instead of real changes. Second, we visually inspected the mapped disturbance types and checked against Google earth images. For example, if there were disturbance patches with clear sharp boundaries in the wildfire maps, we would check Google earth time series images to see if these pixels were harvests misclassified as fires.
E. Validation of Forest Disturbance Maps
Pixel-based stratified random sampling approach was used to validate VCT disturbance maps and the disturbance types (forest wildfire, harvest, and other disturbances) in the TimeSync platform. TimeSync is a computer tool specifically designed to sync algorithm and human interpretations of LTS [22] . The tool has been applied to validate Landsat-based time series disturbance mapping results [27] , [28] . We used the stratified random sampling approach to make sure that there were enough validation points for each class. For VCT disturbance map validation, we used 300 points and 100 points for disturbed and nochange classes, respectively. For the disturbance type mapping validation, 100 validation points were selected for each of wildfire, harvest, and other forest change and no-change classes (400 validation points in total). To account for the fact that the class area proportions were unbalanced, we used inclusion probability to calculate the design-based inference of map accuracy [29] . For the samples in each forest disturbance stratum, the probability that a particular map pixel was included in the sample was calculated following the Stehman and Czaplewski method [30] . We then calculated the overall user's and producer's accuracies and assessed the uncertainties of the commission and omission errors related to our reference validation [31] - [33] .
F. Forest Disturbance Rate Calculation
The wall-to-wall forest disturbance type maps allowed a comprehensive assessment of the forest dynamics in GYE. As previously discussed, the study region included NPs, WA, and NFs. For ownership group types in the study region, total forested area, annual area, and percent of forest disturbed by wildfires, harvests, and other disturbances from 1985 to 2010 were summarized. Since 1984 data included all disturbances occurred in or before 1984 (age unknown), we did not include 1984 data in the summary. Total forested area was calculated from time series VCT disturbance maps.
III. RESULTS
A. Validation of Forest Disturbance and Disturbance Types
Evaluations for both the VCT disturbance maps and the disturbance type maps with the TimeSync tool revealed that the method and the resulting maps were robust with satisfactory accuracy (see Table II ). Overall accuracies of VCT disturbance maps and the mapped forest disturbance type maps were roughly 88% and 87%, respectively. Except for the other forest disturbance class, most other accuracy values listed in Table II were above 70%. Wildfire and harvests classes had the highest accuracies, with the user's accuracies for the two classes above 90%. The "other" disturbance category had the lowest producer's accuracy, because the VCT algorithm was not very sensitive to partial disturbance events (such as low-severity insect and disease outbreaks and thinning) at 30-m resolution, particularly when these pixels returned to forested signal in a few years [28] .
For the geolocation error, since we were using the original Landsat images in the TimeSync tool, there were no misregistration between the classification results and the reference images; for the interpreter uncertainty, the validation work was conducted by the same interpreter; therefore, interpreter variability was prevented.
B. Forest Disturbance Status by Land Ownership in the Study Region
During the postclassification processing, about 1.1% of mapped fire pixels were removed to reduce the pepper and salt effects. About 0.5% and 1.5% of mapped fire pixels were changed to harvests and other disturbance categories during the second step of the postclassification processing. This process helps to reduce the obvious errors from the final disturbance type maps.
Summary statistics derived from the forest change maps show that about 6651 km 2 of forest area were affected by disturbances in the study region from 1985 to 2010 (Appendix C). This equals a cumulative 31.2% of the forested area in the study region, of which 18.4% was attributed to wildfire, 1.4% to timber harvests, and 11.4% to other forest disturbances.
Analysis of forest disturbances by landownership in GYE, as tracked in this study, suggests that NPs and WAs had different distributions of disturbance types (see Fig. 2 and Appendix C). In the study region, NPs have the highest forested area compared with WAs and NFs. Fire was the dominant forest disturbance in the GYE NPs and WAs, affecting cumulatively about 37% and 20% of forests in NPs and WAs, respectively, during the study period. On the other hand, in Caribou-Targhee and Bridger-Teton NFs, where fires would be closely monitored and managed, the accumulative percentages of forests affected by fires were 1.5% and 3.7%, respectively. In the Caribou-Targhee NF, percent of forests loss due to timber harvests was four times of forest loss from fires. Despite the impacts of harvests, the other forest disturbances such as insect and disease were the major forces shaping the forests within the NFs. Although the SVM model did not distinguish between other types of disturbances, according to our validation results (e.g., from TimeSync tool and Google earth HR images), over 50% of the other-type forest disturbance class were insects and disease outbreaks. The results indicate that the two NFs had higher percentage of insect and disease outbreaks than those in the NPs.
IV. DISCUSSION AND CONCLUSION
Using Landsat time series observations, we have mapped annual rates of different forest disturbance types in the GYE region by combining the VCT and SVM algorithms. This VCT-SVM approach was found effective for mapping wildfires and harvest/logging. However, it missed most disturbances in the "other disturbance" class, which were mostly minor disturbances due to insect/disease and snow and wind damages. This was mainly due to the limited capability of the current version of the VCT to detect those disturbances, which was also observed in previous studies [28] .
Our results revealed that forest fire was the most dominant forest change agent in GYE NPs and WAs during the study interval. However, harvest was significant in the NFs. In particular, harvested areas in the Caribou-Targhee NF were four times of burned areas during the 26-year observing period. The validation results derived using the TimeSync tool revealed that damages from mountain pine beetle (MPB) infestations, which accounted about half of the other disturbance class, were widespread across the entire study area, confirming observations from other studies that MPB outbreak had been a severe issue in GYE in recent decades [11] , [34] . Although these disturbance types were typically characterized by low disturbance intensity in each individual year, given the large areas affected by them and their cumulative effect over multiple years, it is important that they be mapped accurately. Further improvement to the VCT algorithm is needed in order to better detect these disturbance types. In addition, the other-disturbance-type class can be further classified in the future by incorporating more training data for each specific disturbance categories.
The disturbance products derived through this study will be used in a carbon modeling study to quantify the carbon fluxes from the mapped disturbance events and their impacts on future carbon sequestration potential in the GYE region. By providing details on both the timing and causal agents of the mapped disturbances over nearly three decades, these products likely will be valuable for many other applications, including forest management, biological conservation, and ecosystem restoration. SVM appeared to be an effective tool for separating different forest disturbance types after those disturbances have been detected. While it was used together with VCT in this study, it can be used with other change detection algorithms designed for detecting changes, but not for separating different change types. Now that Landsat data are publicly available at no data cost to users, this algorithm can be used together with VCT or other change detection algorithms to achieve annual mapping of different disturbance types for areas that have time series Landsat data. APPENDIX Supplementary materials for this paper are available online. This will be available at http://ieeexplore.ieee.org.
